[1] We used a process-based ecosystem model (Marine Biological Laboratory General Ecosystem Model (MBL-GEM III)) to predict and analyze biogeochemical responses of Arctic tundra ecosystems to past and future (2001-2100) changes in climate and atmospheric CO 2 in the Kuparuk River Basin, Alaska. We first calibrated the model by deriving a single parameter set that closely simulated the response of moist tussock tundra to decade-long experimental manipulations of nutrients, temperature, light, and atmospheric CO 2 at Toolik Lake on the North Slope of Alaska. We then applied the parameterized model to the entire Kuparuk River Basin over 180 years. The model predicted that warming and drying resulted in a short-term source of CO 2 on annual timescales but resulted in a CO 2 sink on decadal timescales. These predictions are consistent with recent measurements. A time series analysis has identified that while the immediate response to warming is to release C, the response a year later is to store C. This 1-year lag is consistent with other work that has shown a similar lag in C storage and normalized difference vegetation index (NDVI) on a global scale. Our simulation results indicated that by 2100 high CO 2 and warming will increase C sequestration, mostly as a result of (1) an increase in vegetation C:N ratio, which occurs across the Kuparuk Basin, and (2) a redistribution of N from soils (with low C:N ratios) to vegetation (with high C:N ratios), which occurs mainly in ecosystems in the basin that are initially productive, dry, and warm. These results are consistent with the observation of increased shrubiness in Alaskan tundra over the past few decades. Our application of the model has been hindered by the lack of climate data for the region, especially precipitation. A number of other general issues have been identified for making progress in modeling spatial and temporal C dynamics of Arctic tundra. 
Introduction
[2] Arctic ecosystems are an important component of the global carbon (C) budget. Because of cold, wet conditions and the associated slow decomposition rates, moist tussock and wet sedge tundra soils have accumulated an estimated 29-39 kg C m À2 Shaver and Jonasson, 2001] . Globally, Arctic ecosystems contain approximately 11% of the world's soil C [McGuire et al., 1995] . Future warming and changes in precipitation could alter soil moisture, active layer depth, decomposition rates, and permafrost distribution, and lead to oxidation of the soil C. As a result, current CO 2 fluxes to the atmosphere could increase dramatically [Mitchell et al., 1990] .
[3] Future changes in C storage in Arctic tundra, however, will depend not only on decomposition but also on net primary production (NPP). The same conditions that result in soil C accumulation also inhibit nitrogen (N) cycling, which in turn places a strong N limitation on the rate of NPP [Chapin and Shaver, 1985] . Future changes in C storage will depend upon how the balance between the opposing processes of C release through decomposition and C storage through NPP is affected by changes in atmospheric CO 2 and climate. For example, warmer and less waterlogged soil conditions might be expected to stimulate decomposition and release C from the large soil stocks [Oechel et al., 1993] . In contrast, higher CO 2 concentrations and faster N mineralization rates could stimulate NPP more than decomposition and thereby sequester C [McKane et al., 1997b] .
[4] On a global scale, fluxes of CO 2 leading to a net loss of C from tundra ecosystems could increase atmospheric CO 2 concentration and promote further greenhouse warming. In the past, tundra ecosystems on the North Slope of Alaska were net sinks of atmospheric CO 2 as evidenced by the accumulated soil organic matter. Beginning in the early 1980s, there have been several shifts in the patterns of CO 2 fluxes [Oechel et al., 2000] . Now, tundra ecosystems appear to be net sinks for CO 2 in summer, but large winter releases of CO 2 result in annual net sources of CO 2 to the atmosphere. To predict what the balance will be in the future, the effects of climate variability on long-term (decadal or longer) Arctic ecosystem function need to be understood [Oechel et al., 2000] , especially the interactions of the C and N cycles [Billings et al., 1984; Shaver et al., 1992; McKane et al., 1997a] . Four main types of C -N interactions have an important impact on the source versus sink question ; C can be stored in the ecosystem if (1) N accumulates in the ecosystem, (2) the C:N ratio of vegetation increases, (3) the C:N ratio of soil increases, or (4) there is a net movement of N from soils (with a low C:N ratio) to vegetation (with a higher C:N ratio).
[5] Terrestrial ecosystems respond to a changing climate on several timescales, as illustrated by the 9-month lag in the response of C storage to increased temperature observed by Braswell et al. [1997] , the 10-year acclimation of tundra ecosystems to changing climate observed by Oechel et al. [2000] , and the change in land cover and shrubbiness over several decades as observed by Sturm et al. [2001] and Silapaswan et al. [2001] . Analyses of long-term responses of terrestrial ecosystems to a changing climate and atmospheric CO 2 must include responses acting on all these timescales and be able to extrapolate them over large spatial scales. Because of the high spatial and temporal variability in environmental factors and the long time required for ecosystems to fully respond, it is impossible to determine this long-term outcome of elevated CO 2 and climate change on ecosystems by using experiments alone Rastetter, 1996; Reynolds et al., 1993] . Based on knowledge acquired from short-term or fine-scale studies, process-based models are useful for predicting ecosystem response to global change on larger temporal and spatial scales [Reynolds et al., 1993] . The model we have used in this paper is based on the premise that the effects of atmospheric CO 2 and climate change on the spatial and temporal patterns in ecosystem C storage are strongly constrained by C-N interactions. Our analysis aims to investigate how constraints associated with C-N interactions control variability of C storage in tussock tundra through time and space.
[6] We present a study that uses a new version of the Marine Biological Laboratory General Ecosystem Model (MBL-GEM III) to evaluate historical and projected C dynamics of the Kuparuk River Basin in Alaska to spatial and temporal variations in climate. The MBL-GEM III incorporates the aggregated canopy model (ACM) as a photosynthesis module [Williams et al., 1997] , simpler soil and decomposition modules, and estimates a soil moisture index from precipitation data. We have run the model for 123 10 Â 10 km cells at a yearly time step, from 1920 to 2100. This fine-scale approach allowed us to further test model predictions of NPP against the normalized difference vegetation index (NDVI). This modeling exercise served two goals: it predicted and analyzed the spatial -temporal response of Arctic tundra to global change and it highlighted those areas where further research would be needed for better understanding.
Material and Methods

Site Description
[7] The study area consists of the 9200 km 2 Kuparuk River Basin located on the North Slope of Alaska. The uparuk Basin extends from the Brooks Range, north through the foothills and coastal wet tundra to the Arctic Ocean (Figure 1 ). To define the watershed boundary, we used a 1 Â 1 km resolution map, which estimates the basin area at 9542 km 2 (D. A. Walker, personal communication, University of Alaska, Fairbanks, AK). However, because modeling was undertaken at a 10 km spatial resolution, we developed a 10 Â 10 km resolution map with 123 grid cells that completely encompasses the 1 Â 1 km boundary (covers an area of 12300 km 2 ). The total area covered by moist acidic tussock, nonacidic tussock, wet sedge, and shrub tundra in each 10 Â 10 km grid cell was derived using a regional vegetation map with a 50 Â 50 m resolution (D. A. Walker, personal communication, 2000) . The vegetation in the northern section of the basin is dominated by moist nonacidic tussock and wet sedge tundra. The southern section is dominated by moist acidic tussock and shrub tundra. Combined, these four tundra types comprise about 95% of the terrestrial landscape of the Kuparuk River Basin with moist tussock tundra being the dominant tundra type in the region [Walker et al., 1994] .
Model Development and Description
[8] In this paper, we have used a new version of the MBL-GEM III. A series of previous papers, Rastetter et al. [1997] and McKane et al. [1997a McKane et al. [ , 1997b used earlier versions of the model (MBL-GEM I) to investigate past and future changes in the amount of C stored in the tundra in response to increases in atmospheric CO 2 , temperature, and N deposition as well as to increases or decreases in soil moisture. These investigations dealt with the response of a single type of vegetation, tussock tundra; the model was applied to the Toolik Lake site in Alaska, where long-term field experiments on the response of tussock tundra to manipulations of CO 2 , temperature, light, and soil nutrients provided data for a calibration Chapin et al., 1995] .
[9] The next step in model development was to apply MBL-GEM I spatially [Hobbie et al., 1998 ]. This work made use of the large environmental data set collected over the entire Kuparuk Basin (9200 km 2 ), which includes the Toolik Lake site. The calibrated MBL-GEM I was applied over five E-W bands of the region, which differed in climate and percentage distribution of three tundra types.
[10] The new MBL-GEM III uses a gross primary production (GPP) module derived from the Soil -Plant -Atmosphere (SPA) model of Williams et al. [1996] . Recently, Williams et al. [2000] applied the SPA model to the Kuparuk Basin and tested it against ecosystem CO 2 exchange (eddy flux) data available from a N-S transect in the basin. An aggregated version of the SPA model, called ACM [Williams et al., 1997] was then applied at a 1 km scale to yield the GPP for 1 year across the entire Kuparuk Basin [Williams et al., 2001] . Both SPA and ACM use remote sensing information on leaf area. Because satellite data are not available for the future, these models cannot be used to predict future GPP directly. However, by using ACM as the GPP module in MBL-GEM III, this problem can be overcome.
[11] By incorporating ACM into the structure of MBL-GEM III, interactions between photosynthesis and vegetation properties (leaf area index (LAI), canopy N) are explicitly treated. On one hand, the MBL-GEM III predicts how leaf area and canopy N change in response to a changing climate; while, on the other hand, the ACM provides MBL-GEM III with an estimate of GPP consistent with eddy flux studies. This feedback between the ACM and the MBL-GEM III allows the extrapolation of photosynthesis into the future.
[12] Three other improvements have been made in the MBL-GEM III compared to the MBL-GEM I [Rastetter et al., 1991] . First, the allocation scheme has been changed to shorten computation time. C and N are allocated based on the relative sink strength of the three tissues. The sink strength in each tissue decreases as labile C or N accumulates in that tissue. Second, the soil module has been simplified to treat N associated with extractives, acid soluble, and acid insoluble fractions of the soil organic matter as a single aggregated pool. The equations for decomposition processes are also somewhat simpler. Finally, the model has been modified to estimate a soil moisture index from summer precipitation rather than requiring soil moisture as an input to the model.
[13] The MBL-GEM III is a process-based, plot-scale ecosystem model of C and N interactions for the vegetation and soil components of terrestrial ecosystems (Appendix A). The model simulates stand-level photosynthesis and N uptake by plants, allocation of C and N to foliage, stems, and fine roots, respiration in these tissues, turnover of biomass through litterfall, and decomposition of litter and soil organic matter. It calculates all changes and interactions for the vegetation and soil components of terrestrial ecosystems on an annual time step and is calibrated to run on mean growing season climate data. These data consist of mean July maximum and minimum daily air temperature, mean July daily irradiance, total growing season precipitation, mean annual CO 2 concentration, and annual N inputs in deposition. These data are organized in a Geographic Information System (GIS) to generate predictions throughout the basin. Plant season length and soil season length are treated as constant parameters in our study.
[14] The model consists of 19 simultaneous ordinary differential equations describing the temporal dynamics of 19 state variables (Appendix A). These variables represent the amounts of C and N in plant tissues (foliage, wood, roots) and in four soil organic fractions as well as the amount of soil inorganic N. Within the vegetation, both labile (readily mobilized) and structural (including enzymatic machinery and structural framework) components of foliage, stems (including sapwood), and fine roots are represented [Rastetter et al., 1991] . Younger soil organic matter (including litter) is operationally partitioned into extractives (polar, i.e., extractable with hot water, and non polar, i.e., extractable with methalenechloride), acid soluble (dissolved in hot 72% H 2 SO 4 ), and acid insoluble (the residue). Older organic matter is converted to humus with a very slow turnover rate.
[15] The model specifically includes C -N interactions. Unlike most plot-scale ecosystem models, vegetation in MBL-GEM acclimates to changes in the environment to maintain a nutritional balance between C and N [Rastetter and . For example, changes that stimulate photosynthesis (e.g., increased CO 2 or higher irradiance) result in an increase in the relative allocation of C and N to fine roots, which in turn stimulates N uptake. Similarly, changes that stimulate N uptake (e.g., high inorganic soil N concentration) increase the relative allocation of C and N to foliage, which stimulates C uptake. Through the coupling between C and N uptake by plants, the model incorporates the biogeochemical constraints on the C budget imposed by the N cycle. A complete description of the MBL-GEM III is provided in Appendix A.
Model Calibration
[16] We calibrated the MBL-GEM III for an Arctic moist acidic tussock tundra ecosystem using the same data from long-term observations and experiments at Toolik Lake, Alaska, that were used to calibrate the MBL-GEM I [McKane et al., 1997a] . The data were obtained from a 9-year study of tussock tundra responses to N and P fertilizer, 3.5°C warming using greenhouses, a combined greenhouse and fertilizer treatment, and a shade-house treatment that reduced light by 50% [Chapin et al., 1995] and a 3-year experiment on net ecosystem C exchange for tussock tundra under a doubling of atmospheric CO 2 [Oechel and Riechers, 1987; Grulke et al., 1990; . The calibration procedure we used is similar to the ''top-down'' approach used by McKane et al. [1995 McKane et al. [ , 1997a , where fine-scale measurements of individual processes (e.g., tissue-level or microbial respiration) were used to estimate parameters that determine the shape of the response of a process to changes in the environment. However, annual, plot-scale measurements (e.g., annual NPP) were used to estimate parameters that determine the rate for these processes. Because the model runs on a yearly time step and we calibrate it to multiyear dynamics of the ecosystem, the resulting parameters represent annual values, including, for example, summer plus winter respiration rates. The data and procedure that we used to calibrate the model are fully described by Chapin et al. [1995] and McKane et al. [1995 McKane et al. [ , 1997a McKane et al. [ , 1997b . After initial calibration, we optimized the parameter estimates using Monte Carlo simulations in which improved fit to all these calibration data was sought by imposing small random perturbations on the parameters. From this procedure, we derived a single parameter set for the MBL-GEM III that is simultaneously consistent with all the experimental results obtained by Chapin et al. [1995] (Figure 2 ) and with the responses to elevated CO 2 observed by (Figure 3 ).
Climate Data Reconstruction
[17] We simulated C dynamics of the Kuparuk River Basin from 1921 to 2100. The climate data needed to run the model for each of the 123 grid cells representing the Kuparuk Basin were derived from data at different spatial and temporal resolutions ( [Enting et al., 1994] and a linear doubling of atmospheric CO 2 was assumed between 1994 and 2100.
Air Temperature
[19] The model was calibrated to use mean daily minimum and maximum air temperatures for July. To generate these time series, we used the Hadley CM2 climate simulations as described by McGuire et al. [2000] for the mean July temperature of the Toolik grid cell (Figure 4) . To extrapolate spatially, we used measured data to derive regressions relating the mean July temperature at 12 weather stations dispersed in the Kuparuk River Basin (Figure 1 ) to the Toolik mean July temperature (r 2 = 0.31 -0.59). These regressions were used to extrapolate the Hadley temperatures for Toolik to the other 12 sites in the basin. Next, using the same data from Toolik and the 12 weather stations, we derived regressions relating the mean daily temperature range for July at each site to the mean July temperature at that site (r 2 = 0.35-0.56). We used these regressions and the previously constructed time series for mean July temperature to construct time series (1921 -2100) of mean daily minimum and maximum temperature for July at each of the sites. Finally, we constructed a time series of mean daily minimum and maximum temperature for July for each of the 123 10 Â 10 km cells in the basin by interpolating from the time series for the 12 weather stations plus Toolik using the inverse distance-weighting interpolation routine of Arcview Spatial Analyst (Arcview GIS 3.2, ESRI, Redlands, CA, USA).
Irradiance
[20] The spatial -temporal coverage of radiation data in the Kuparuk Basin for the historical period was too sparse for any reliable interpolation. We instead estimated irradiance for the full simulation period (1921 -2100) using a three-parameter empirical relationship derived by Williams et al. [2001] relating irradiance to temperature range and extraterrestrial radiation (Appendix B) [Bristow and Campbell, 1984] .
Precipitation
[21] The precipitation data set used in our simulations was derived by McGuire et al. [2000] . These data, obtained at a 0.5°Â 0.5°(latitude Â longitude) resolution, were converted to a 10 Â 10 km resolution prior to running the model, by splitting larger grid cells as necessary. This precipitation data set indicated an increase in precipitation during the projected period. For contrast, we also simulated the effects of a future dry climate, assuming a linear decrease in precipitation of the same magnitude as the increase in wet scenario. These two scenarios enabled us to investigate the effects of two opposing climate change scenarios for the projected period: warmer and wetter (''wet scenario'') and warmer and drier (''dry scenario'').
Simulation Protocol
[22] We applied the model one grid cell at a time at the 10 Â 10 km resolution (Figure 1 ). We assumed that there are no interactions between adjacent grid cells. Because the model equations are difficult to invert, we ran MBL-GEM . Measured versus simulated responses of tussock tundra vegetation at Toolik Lake to the fertilized, greenhouse, fertilized greenhouse, and shaded treatments of Chapin et al. [1995] . There were no measured N data for year 3. The fertilized treatments received 10 g N m À2 yr À1 as NH 4 NO 3 and 5 g P m À2 yr À1 as triple superphosphate. The greenhouse treatments increased mean growing season temperature by 3.5°C. The shaded treatment decreased light by 50%.
III to steady state for each grid cells, using the reconstructed 1921 -1925 average climate. When a steady state was reached, the climate drivers varied yearly in accordance with the reconstructed climate.
Satellite Data
[23] Net primary productivity predicted by the model was compared to the NDVI. The NDVI was calculated from NOAA Advanced Very High Resolution Radiometer (AVHRR) satellite imagery as a half-monthly, maximum value composite to reduce the atmospheric effects and cloud problems [Holben, 1986] . Maximum value compositing (MVC) is the most common form of NDVI compositing used to produce NDVI time series data sets [Eidenshink and Faundeen, 1994] . AVHRR images collected during a selected compositing period were geographically registered and the maximum observed NDVI was assigned to each pixel location for the final composite. The NDVI has been shown to be a good measure of the light capturing capacity of vegetation for photosynthesis and has been used in a variety of models to calculate ecosystem C exchange [Potter et al., 1993] . Consequently, seasonal integration of (annual values). The CO 2 treatment was maintained for three consecutive growing seasons as described by Oechel and Riechers [1987] , Grulke et al. [1990] , and . Positive fluxes indicate an increase in ecosystem C. Oechel et al. annual estimates are probably high because the magnitude of winter respiration was underestimated at the time of the experiment. The magnitude of the MBL-GEM response is based on the CO 2 response of the Farquhar and von Caemmerer [1982] model. The magnitude of the NEP response is probably lower in our simulations because the LAI and nitrogen content the MBL-GEM III was calibrated to were probably lower than in the plots of Oechel et al. , 1987] . A subset of NDVI images has been produced for the Kuparuk River Basin vegetation map for the period 1989 -1996. Because precipitation has such a strong effect on our model results and the only precipitation data we have is at a 0.5°latitude Â 0.5°longitude resolution, we aggregated both the SINDVI and simulated NPP to 0.5°resolution for comparison.
Results
[24] We first used the calibrated MBL-GEM III and the reconstructed climate data set to estimate and compare net primary productivity against SINDVI data of Arctic tundra across the Kuparuk Basin. We then used the model to analyze temporal and spatial changes in C storage in response to historical (1921 -2000) and projected changes (2001 -2100) in atmospheric CO 2 and climate.
Kuparuk Basin Net Primary Productivity
[25] We used seasonally integrated NDVI (SINDVI) data for the Kuparuk Basin to corroborate model predictions of NPP for the years 1992, 1995, 1996, and 1998 . Among those years, 1995 was a dry year while the other years were average. All simulations used the moist acidic tussock tundra calibration at Toolik Lake. However, there are three other major types of vegetation dispersed in the Kuparuk Basin: shrub tundra, wet sedge and moist nonacidic tussock tundra [Walker et al., 1994] . To calculate the NPP for these three types of vegetation, we used the field measurements to calculate the ratio of NPP for each tundra type to the NPP of moist acidic tussock tundra. This ratio is equal to 1.20 for wet sedge tundra , 1.49 for shrub tundra , and 0.84 for the moist nonacidic tussock tundra (L. Gough and G. Shaver, personal communication, 2000) . We then used these ratios to estimate NPP for each 10 Â 10 km grid cell by multiplying the NPP for moist acidic tundra times this ratio times the fractional cover for the respective tundra type in the grid cell and summed the results.
[26] Because precipitation has such a strong effect on our simulated NPP and the precipitation data were available only at 0.5°latitude Â 0.5°longitude resolution (Table 1) , we aggregated both the SINDVI and NPP data to this coarser resolution (16 aggregated cells) for comparison. With this aggregation, the modeled NPP captured between 88% and 94% of the pattern in SINDVI (Table 2) . A large portion of the spatial pattern in NPP predicted by the model was related to the distribution of vegetation types within the basin. If the climate is assumed uniform across the basin, so that spatial patterns in modeled NPP are due only to the distribution of vegetation, then the model captures between 80% and 83% of the variation in SINDVI (Table 2) . On the other hand, if the vegetation is assumed homogeneous across the basin, so that spatial patterns in modeled NPP are due only to spatial variation [27] In this section we analyze past and future predictions of acidic tussock tundra NPP, soil respiration (R H ), and net ecosystem productivity (NEP = NPP À R H ) for the Toolik Lake grid cell alone. During the historical period (1921 -2000) , variations in NEP indicate that moist tussock tundra ecosystem was a net sink of CO 2 during the time period 1970 -1979 and then became a net source of CO 2 ( Figure 5c ). This timing of the NEP response is consistent with measurements of Oechel et al. [2000] . Nevertheless, our model predicted only small year-to-year variations in NEP during the historical period, indicating much smaller sources and sinks in our simulations than observed by Oechel et al. (À28 to 
Simulated Temporal Changes of the C Budget for the Toolik Lake Grid Cell
[28] During the projected period (2000 -2100), R H increased more in the dry scenario than in the wet scenario (Figure 5b ), because the soils became less waterlogged. However, the higher soil activity also released N, which stimulated plant growth so that NPP was higher in the dry scenario (Figure 5a ). Because the stimulation of NPP was greater than the increase in R H , the rate of C sequestration (NEP) increased more in the dry scenario than in the wet scenario ( Figure 5c ). The cumulative effect of changes in NEP after 180 years was to increase ecosystem C stocks by 198 and 322 g C m À2 in the wet and dry scenario, respectively (i.e., an increase of 1.8% and 3.0% above initial stocks) ( Figure 6 ).
[29]
To better understand what controls the temporal changes in ecosystem C storage, we assessed the short-term (year-to-year) effects of climate on tundra C budgets. To make this assessment, we first removed the long-term trends in the time series for precipitation, average temperature, GPP, plant respiration, NPP, R H , and NEP by subtracting the previous year's value in each time series from the current year's value (''backward differencing,'' removing the trend by subtracting a high-order polynomial fit to each data series yields similar results) [Box and Jenkins, 1976] . We then calculated the cross correlation between each C-flux variable and each of the two climate variables (Figure 7) . After removing the long-term trends, the cross correlation for the wet and dry scenarios were virtually identical (data not shown for the dry scenario); that is, long-term trends in precipitation did not affect the short-term responses of the simulated tundra C budgets.
[30] The analysis indicated that temperature had strong effects on all components of the C budget in the current and following years (lag = 0 and 1), but not after 2 years. Direct effect of high temperatures is to stimulate GPP and plant and soil respiration. Because respiration is more sensitive to high temperature than GPP in these cold adapted systems, the net effect of temperature on NPP and NEP is negative. The directions of these effects of temperature on the C budget reversed between the current and following year (Figure 7 ). This 1-year lag is consistent with the results reported by Braswell et al. [1997] that C storage appears to lag temperature by 9 months at the global scale. Braswell et al. also found a similar lag for NDVI for specific vegetation types.
[31] The major effect of high precipitation is to slow decomposition and hence R H by further waterlogging the soil. This slowing of soil processes decreases N mineralization, which in turn slows NPP. Because R H is slowed more than NPP, the net effect of high precipitation is to increase [32] The long-term effects of climate (over 180 years) on plant productivity and NEP were opposite to the current-year effects, especially as it relates to wetting and drying. The main drivers for the long-term pattern was the redistribution of N from soils to vegetation (see below) and the increase in woody tissues (with high C:N ratios), which both require time. Thus, there is a long lag associated with the redistribution in N and increase in woodiness. The long-term results suggested that this lagged effect eventually comes to dominate the ecosystem C budget.
[33] Additional insight into the controls of the temporal C storage in tussock tundra can be gained by analyzing changes in the C-N interactions. A key assumption of our analysis was that, for strongly N-limited ecosystems like the Alaskan tundra, changes in C storage through time interact strongly with changes in the N cycle . In particular, because the production and accumulation of organic matter require both C and N, ecosystems can only increase C storage by (1) accumulating new N from external sources, (2) increasing the C:N ratio of vegetation, (3) increasing the C:N ratio of soils, and (4) redistributing N from soils (with Figure 7 . Cross-correlation analysis of each C flux variable against (a) precipitation and (b) temperature for the wet scenario after removing the long-term trends in the time series for each flux or climate variables. The cross correlation for the dry scenario has shown virtually identical patterns. R a = autotrophic (plant) respiration, R H = Heterotrophic (soil) respiration, GPP = gross primary production, NPP = net primary production (=GPP À R a ), and NEP = net ecosystem productivity (NPP À R H ). Each factor (and an interactive term) was mathematically described as an independent contributor and the sum of the calculated contributions accounts for the total change in ecosystem C stocks .
We used these equations to analyze how the four factors and their interaction regulated the predicted temporal changes in ecosystem C stocks. Because changes in the C-N interactions were the same for the two climate scenarios during the historical period and were relatively small compared to the projected period, we focused this analysis on the projected period.
[34] During the projected period, the two most important factors regulating long-term ecosystem C storage in response to both climate scenarios were the redistribution of N from soils to vegetation and the increase in the vegetation C:N ratio (Figure 6 ). Warmer temperatures stimulate the decomposition and therefore the release of both C and N from the soil. This release of N increases available N and stimulates NPP. The coupling of increased temperature with decreased soil moisture in the dry scenario amplified the increase in decomposition and the subsequent N uptake into vegetation. The vegetation C:N ratio increased in both climate scenarios as a result of an increase in woodiness under warmer and high CO 2 conditions. By 2100 in the dry scenario, the redistribution of N from soils to vegetation and the increase in the vegetation C:N ratio accounted for a net C storage in the ecosystem of 193 and 75 g C m
À2
, respectively. In the wet scenario, these two factors accounted for 63 and 102 g C m
, respectively.
[35] The next most important factor regulating longterm C storage in response to both climate scenarios was the change in the C:N ratio of soils. The C:N ratio of organic matter generally declines as it decomposes. The C:N ratio of soils reflects a balance between this decrease in the C:N ratios of individual litter cohorts as they decompose and the input of fresh litter with a relatively high C:N ratio. Losses in C stocks associated with decreased soil C:N ratios were more important under the dry scenario than the wet scenario. In the dry scenario, the model predicted that the amount of C stored in soils per unit N declined before 2075, resulting in a negative contribution to the net change in ecosystem C stocks ( Figure 6 ). However, after 2075, increased litter inputs by plants had again increased the soil C:N ratio, so that its contribution to net C storage was positive. A wet period beginning about in 2075 also contributed to this increase in soil C:N ratio.
[36] The least important factor controlling the long-term predicted increase in C storage was the change in the total ecosystem N. In the wet scenario, a very small amount of N was lost from the ecosystem by 2100 because of increased leaching under the wetter conditions. In the dry scenario, ecosystem N increased through time because of lower leaching losses and because of a high N demand associated with both greater vegetation biomass and a higher immobilization potential associated with larger litter inputs to the soil.
[37] Finally, the interaction among the four factors contributed positively to the overall C budget. In both scenarios the important interaction was between the redistribution of N from soil to vegetation and the increase in the vegetation C:N ratio. As both of these factors increase through time, the interactive effect of moving soil N into a woodier vegetation was positive in both scenarios. [38] In this section, we analyze spatial differences of C storage in vegetation, soil, and the total ecosystem between 1921 and 2000 (historical period) and between 2000 and 2100 (projected period) for acidic tussock tundra across the Kuparuk Basin.
Simulated Spatial Changes in
[39] It is difficult to predict future responses based on the relatively small changes in the past. The model indicates that future changes will be much larger than anything experienced in the past. The changes in C storage in vegetation, soil, and thereby the total ecosystem between 1921 and 2000 showed only a small spatial variability (Figure 8 ) because the changes in temperature, radiation, precipitation, and atmospheric CO 2 for this period were small (Figure 4 ). In the future, our model predicts that there will be large spatial differences in C storage in vegetation. However, the spatial variability in the large present-day stocks of soil C overwhelms any predicted change in the spatial pattern of these C stocks.
[40] Under both future scenarios, the simulations suggest larger increases in vegetation C, soil C, and total ecosystem C (Figure 8 ) in the central portion of the basin than either the northern or southern portions. This spatial pattern can be explained in part by higher temperatures in the central portion of the basin. For the dry scenario, lower precipitation values in the southern and central portion of the basin also contributed to the pattern. Relative to the wet scenario, C storage in vegetation for the dry scenario was higher across the whole Kuparuk Basin (Figure 8a ).
[41] To further assess the spatial differences in C gain over the Kuparuk Basin over the 180-year simulations, we used the same partitioning that was used in our analysis of the temporal patterns of NEP (see section 3.2). For each cell, we first partitioned the net change in ecosystem C among the four factors (plus their interaction). We then correlated the net C change associated with each factor ALT with the initial properties of the ecosystems in each cell and to the initial climate in those cells (Table 3) .
[42] Across the basin, all four factors contributed significantly to the overall change in C storage in each cell (see the first two columns in Table 3 ). This result is in contrast to the temporal patterns at the Toolik Lake cell where N redistribution and increase in vegetation C:N ratio dominated the change in the C budget. This difference suggests that different factors control the net change in C accumulation across the basin. Some of these controls are related to the initial properties of the ecosystem, and to the initial climatic conditions.
[43] The regions of high productivity (central basin) are the regions likely to accumulate more C in the future. In both scenarios, all the initial ecosystem properties had a similar correlation to the amount of C stored associated with each of the four C-N interaction factors (Table 3 ). This pattern indicates that the important ecosystem property in assessing C storage was the initial productivity. All six of the ecosystem properties we examined could be related to this initial productivity. That is, high LAI, GPP, NPP, net N mineralization, and ratio of vegetation to soil C and N were all associated with highly productive tundra ecosystems.
Wet Scenario
[44] Under the wet scenario, some cells lost as much as 65 g C m À2 associated with the loss of ecosystem N. This result is in contrast to the Toolik Lake cell, which lost only 3 g C m À2 associated with this factor. The cells that lost the most C associated with N loss were the initially less productive and high-precipitation ecosystems (positive correlation with productivity and negative correlation with initial precipitation) ( Table 3) . High precipitation resulted in a high water flux through the soils and therefore a high potential for N loss through leaching. In addition, the low N demand of initially less productive ecosystems means they were less able to sequester N in biomass than initially highly productive ecosystems and more N was able to leach out of the system.
[45] Regions dominated by woody vegetation have a high potential to store C in the wet scenario. For example, the cells that gained the most C associated with the increase in vegetation C:N ratio were the initially highly productive, high precipitation and cool systems (positive correlations with both productivity and initial precipitation; negative correlation with temperature) ( Table 3 ). The reason for the increase in vegetation C:N ratio in initially productive ecosystems was a change in allocation patterns to favor wood relative to active tissues (leaves and roots), under warming and high atmospheric CO 2 . Because N release from soils was lower under wetter conditions, initially high precipitation systems were not able to move as much N from the soil to the vegetation and thereby promoting higher vegetation C:N ratios.
[46] Under the wet scenario, regions of high productivity also store more C per unit N in soils because the high litter flux results in a high soil C:N ratio. Indeed, across the basin, the cells that gained the most C associated with the increase in soil C:N ratio in the wet scenario were the initially highly productive, low precipitation, and warm ecosystems (Table 3) .
[47] The grid cells with the highest redistribution of N from soil to vegetation in the wet scenario were the initially productive, low precipitation, and warm systems (positive correlation with productivity and temperature; negative correlation with initial precipitation). The high N demand of vegetation in these ecosystems means plants were able to scavenge and sequester N from the soil. The potential for redistributing N from soil to vegetation was also accelerated under drier initial conditions because of the increase in N release from soils.
[48] Finally, under the wet scenario, the cells that gained the most C because of the interaction of all factors were the initially productive, high precipitation and cool systems. Note: Results are correlations of each C -N interaction factor with (1) initial ecosystem properties including leaf area index (LAI), Gross Primary Production (GPP), Net Primary Production (NPP), net N mineralization (NMIN), and ratio of vegetation to soil C and N, and (2) initial climate drivers including precipitation (P PT ) and average air temperature (T air ). Initial ecosystem properties and climate drivers were defined for the year 1921 for each grid cells. The four C -N interaction factors explaining the simulated changes in ecosystem C are defined in the text. Min. and Max. are the minimum and maximum net amount of C stored associated with each factor.
The important interaction was amplified by the large N redistribution from soil to vegetation in initially productive systems. This effect was partly counteracted by a loss of N in initially high precipitation systems.
Dry Scenario
[49] Under the dry scenario, the cells that gained the most C associated with the sequestration of N from outside the ecosystem were the initially productive and low-precipitation ecosystems. For initially productive systems, higher N demand by soil and vegetation associated with increased NPP and litter input to the soil resulted in less N being leached out of the ecosystem. In addition, the N sequestration increased because of less leaching of N associated with lower water throughput in initially low precipitation systems.
[50] The spatial pattern of tundra responses to climate will differ if the future climate is dry versus wet. Indeed, in the dry scenario, in contrast to the wet scenario, the gain in C associated with the increase in vegetation C:N ratio was independent of initial productivity and decreased with initial precipitation rates.
[51] The cells that lost the most C associated with the decrease in the soil C:N ratio in the dry scenario were the initially productive ecosystems. These high productive ecosystems have large inputs of high C:N ratio litter to the soil. Upon drying, this C:N ratio narrows, resulting in a net loss of C per unit soil N. Wet, cool locations also tended to lose C associated with a narrowing of soil C:N ratio. Again, these systems tend to have initially high soil C:N ratios because of lower decomposition rates and these C:N ratios decline upon drying.
[52] For the same reasons as in the wet scenario, the cells that redistributed the most N from soil to vegetation were the initially productive, cool, and low precipitation systems.
[53] Finally, all cells gained between 38 and 55 g C m
À2
because of the interaction among the four factors. The effect of increased C:N ratio of vegetation was amplified by the high redistribution of N from soil to vegetation in initially productive and low precipitation systems.
Discussion
[54] We have used the process-based MBL-GEM III to analyze changes in C storage of Arctic tundra in the Kuparuk River Basin in response to past and future changes in atmospheric CO 2 and climate. We first calibrated the model by deriving a single parameter set that closely simulated the response of moist tussock tundra to decade-long experimental manipulations of nutrients, temperature, light and atmospheric CO 2 at Toolik Lake on the North Slope of Alaska [Chapin et al., 1995; . The range in these variables among treatments is about as large as their anticipated changes in the Arctic in response to changes in atmospheric CO 2 and climate. We then applied the calibrated model to make 180-year projections, assuming that the relatively short-term experimental data were sufficient to constrain the parameters controlling longer-term mechanisms represented in the model. The key steps for implementing such a model are the temporal scaling from year to decadal and longer periods and the spatial scaling from plot to region.
[55] Our application of MBL-GEM III to the entire Kuparuk River Basin over 180 years has been hindered by the availability of climate data needed to drive the model at these regional and long temporal scales. In sparsely inhabited high-latitude regions such as the Kuparuk River Basin, climate records are only available at limited locations and seldom extend back more than a few decades. These locations may also provide a poor representation of regional climate patterns because they lie on the coast and at low elevations along rivers and valleys. Mountains and other inaccessible areas are not represented. Given the paucity and biased nature of climate data across the Kuparuk Basin, it is difficult to estimate reliably the temporal and regional patterns of climate.
[56] The model results were most sensitive to changes in patterns of precipitation. This sensitivity of our model to precipitation is similar to that found by Clein et al. [2000] and McGuire et al. [2000] , particularly in relation to the sensitivity of soil metabolism to changes in moisture. The regional patterns of precipitation we used were derived from data at a broader scale (i.e., 0.5°latitude Â 0.5°longitude resolution) than the 10 Â 10 km resolution scale used in our simulations. Data at a finer scale are needed for future modeling at higher resolution.
[57] Clearly, on very long timescales (e.g., 1000 years or more), the cold, wet conditions in tundra have resulted in a large C accumulation. Our simulations indicate, however, that on decadal timescales, warming and especially drying could also result in C accumulation associated with the net movement of N released from decomposing soil organic matter (with a low C:N ratio) into vegetation (especially woody vegetation, with a high C:N ratio). Indeed, across the Kuparuk Basin, the model predicted a higher 200-year C sequestration for systems subjected to the drier climate scenario. In contrast, on very short timescales (e.g., annual), our simulations indicate that drying led to net C losses because of the direct stimulation of decomposition in these waterlogged soils. This pattern of C loss is associated with drying on annual timescales, but net storage on decadal timescales is consistent with measurements by Oechel et al. [1993 Oechel et al. [ , 2000 .
[58] Because Arctic tussock tundra ecosystems are strongly N limited, we have hypothesized that four key aspects of C and N interactions constrain the spatial and temporal variability of ecosystem C storage in response to changes in atmospheric CO 2 and climate: (1) changes in the amount of N in the ecosystem, (2) changes in the C:N ratios of vegetation, (3) changes in the C:N ratios of soil, and (4) redistribution of N between soil (with a low C:N ratio) and vegetation (with a high C:N ratio). Our analysis indicated that the redistribution of N from soils to vegetation and the increase in vegetation C:N ratio were the most important factors controlling the temporal patterns of C storage for ecosystems near Toolik Lake, in both scenarios. These results are particularly important in that they are consistent with emerging information that tundra in Alaska is becoming more shrubby [Sturm et al., 2001; Silapaswan et al., 2001; Myneni et al., 1997; Zhou et al., 2001] . The soil C:N ratio also explained a part of the long-term predicted increase in C storage in the dry scenario. The other factors only played a minor role in the temporal patterns of C storage near Toolik Lake.
[59] In contrast to the temporal patterns of C storage at Toolik Lake, all four factors (and their interaction) contributed significantly to the spatial patterns of C storage across the Kuparuk Basin in both scenarios. The only exception was the increase in vegetation C:N ratio, which occurred in all cells, whatever their initial properties and climate drivers. Relative to initially less productive ecosystems, the initially productive ecosystems in the wet scenario (1) lost less C associated with losses of N from the ecosystem, (2) gained more C associated with increased C:N ratios in vegetation, (3) gained more C associated with increased C:N ratio of soils, and (4) gained more C associated with the redistribution of N from soils to vegetation. These spatial patterns of tundra responses to climate will differ if the future climate is dry versus wet. Relative to initially less productive ecosystems, the initially productive ecosystems in the dry scenario (1) gained more C associated with gains of N by the ecosystem, (2) gained about the same amount of C associated with increased C:N ratio of vegetation, (3) lost more C associated with decreased C:N ratio of soils, and (4) gained more C associated with the redistribution of N from soils to vegetation. In both scenarios, regions of high productivity and dominated by woody vegetation have a high potential to store C. However, high water flux can result in N losses that will limit C sequestration. Ecosystems in regions that are highly productive (central basin) can limit N losses and a positive feedback ensues between production and N retention.
[60] Because our model uses the same photosynthesis model as Williams et al. [2001] , it is not surprising that our estimate of the spatial pattern of present-day production is consistent with theirs. However, because the Williams et al. model relies on NDVI or vegetation maps to estimate LAI and derive an estimate of foliar N, they were not able to project their findings into the future. The MBL-GEM III provides dynamic estimates of both LAI and foliar N and we were therefore able to project production estimates into the future.
[61] McGuire et al.
[2000] cautioned against extrapolating climate responses from the Kuparuk River Basin directly to the whole Arctic because the combinations of the components of climate change differ regionally. Our finding that different factors associated with C-N interactions control changes in ecosystem C at different locations in the basin is consistent with the McGuire et al. finding, but at a finer spatial scale.
[62] Our spatial modeling of the Kuparuk Basin allowed us to test the predictions of NPP against the remotely sensed SINDVI. Although there is still some debate and uncertainty as to exactly what the SINDVI represents (NPP? GPP?), we assumed it was the best surrogate of plant productivity to compare with the model results. The several-year comparison between modeled NPP and SINDVI indicated that both vegetation distribution and climatic variations within the Kuparuk Basin explained a large portion of the spatial patterns of NPP predicted by the model. This comparison provided a valuable, independent check on the spatial distribution of productivity across the basin. In this respect, our study has broken new ground in using remote sensing information to verify model dynamics in the context of retrospective analyses to gain confidence in the use of the model for making temporal as well as spatial predictions.
[63] To extrapolate our simulations of moist acidic tussock tundra across the basin, we assumed a ratio between the NPP of this tundra type and each of three other tundra types. This ratio was different for each of the three tundra types; once set, it was held constant across the entire basin. This spatial constancy could not be tested against field data. It would be worthwhile to calibrate the model to the other vegetation types and run them independently. In particular, in P-limited ecosystems such as wet sedge tundra ], P may be more important than N in restricting changes in C storage . To analyze how these ecosystems respond to global change, it will be important in the future to better understand the P cycling and how C-P interactions might constrain the predicted increases in C storage.
[64] The vegetation distribution used in our simulations is not dynamic. However, our simulation results indicated that without the effect of climate there was a high correlation between SINDVI and the spatial distribution of vegetation. Therefore, it will be important to incorporate changes in the distribution of vegetation through time in the model for any future assessments of spatial and temporal changes in ecosystem C storage.
[65] Furthermore, our modeling approach does not consider changes in the length of the growing season or changes in winter decomposition. Substantial research is being focused on these issues, and a number of empirical studies are beginning to substantiate that the annual C balance of forests depends substantially on the timing of the spring thaw and that warmer winters may lead to higher decomposition releases [e.g., Frolking et al., 1996; Myneni et al., 1997; Goulden et al., 1998; Randerson et al., 1999; Oechel et al., 1997 Oechel et al., , 2000 Zhou et al., 2001] . Nevertheless, these issues represent major challenges for models to consider and additional information and understanding are needed in tundra ecosystems to address them with models.
[66] All models making long-term (e.g., 20 -200 years) and broad-scale projections face a common problem: validation data are difficult or impossible to obtain at these scales [Rastetter, 1996] . Moreover, data derived from short-term (i.e., less than 10 years) experiments cannot be used to corroborate long-term projections as it may take many years for all feedback mechanisms to come into play [Oechel and Strain, 1985; Rastetter, 1996; Oechel et al., 2000] . This situation, however, should not be an obstacle to modeling. Our model synthesizes empirical knowledge of the interactions among environmental factors and C -N interactions controlling C storage. Through this synthesis, it provides a process-based interpretation of biogeochemical responses of tussock tundra that is consistent with available information. Thus, the model has a major role in evaluating tundra ecosystem behavior in response to changes in climate and atmospheric CO 2 . 
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Notes: Variables and parameters for which references are provided were constrained by experimental data. ''Backcalculated'' variables and parameters were calculated to be consistent with the assumption of year-to-year equilibrium in C and N stocks. ''Calibrated'' parameters were adjusted to provide a best fit to the experimental data of Chapin et al. [1995] (fertilized, greenhouse, fertilized greenhouse, and shade treatments) and (CO 2 treatment). 
dt ¼ F CIH À R H t refers to the time step of the calculation, i.e., 1 year. Variables are listed in Table A2 and process equations are given in Tables A4 -A10 . The ACM is fully described in Williams et. al [1997] . All parameters and variables are defined in Tables A1 and A2 . Table A6 . Equations Used to Simulate C and N Allocation to the Labile and Structural Pools of the Three Tissues ð Þ X refers to foliage (F), wood (W), or root (R). All parameters and variables are defined in Tables A1 and A2 . Dissolved NH\nolimits_{4} (N\nolimits_{NH4aq}) is described in Table A10 . 
